Abstract: This paper presents statistical analyses of rock engineering properties and the measured penetration rate of tunnel boring machine (TBM) based on the data of an actual project. The aim of this study is to analyze the influence of rock engineering properties including uniaxial compressive strength (UCS), Brazilian tensile strength (BTS), rock brittleness index (BI), the distance between planes of weakness (DPW), and the alpha angle (Alpha) between the tunnel axis and the planes of weakness on the TBM rate of penetration (ROP). Four (4) statistical regression models (two linear and two nonlinear) are built to predict the ROP of TBM. Finally a fuzzy logic model is developed as an alternative method and compared to the four statistical regression models. Results show that the fuzzy logic model provides better estimations and can be applied to predict the TBM performance. The R-squared value (R 2 ) of the fuzzy logic model scores the highest value of 0.714 over the second runner-up of 0.667 from the multiple variables nonlinear regression model.
Introduction
As part of a research project on new technologies for tunneling and underground works, the research group in Tallinn University of Technology has conducted several researches on development of new materials for TBM cutting bits and testing devices for impact-abrasive carbide wear performances. In this study, we would like to present some new empirical models to predict the TBM penetration rate using the actual measurement data from a real TBM project. Four regressions (two linear and two nonlinear models) are built using the latest Matlab 2017 version. The regression results show that these models can be used precisely in regulating the TBM penetration rates since all their coefficients are highly statistically significant with the R-square (R 2 ) greater than 62%. A new fuzzy logic model is also developed and compared to these conventional regression models. The fuzzy logic model shows the best fit to the empirical data, achieving the highest Rsquare (R 2 ) at 71.4%. Thus, fuzzy logic model becomes the best alternative to predict the TBM penetration rate. Prediction of tunnel boring machine (TBM) performance is always an important issue since the fast development of new TBMs with high penetration rates for all types of rocks, soils, clays, and in different geological conditions. This paper serves as a contribution providing fundamental knowledge and theoretical methodologies to setup realistic models for prediction of TBM performance based on the environmental conditions and rock engineering properties.
Environmental conditions and rock engineering properties have strong effects on the TBM performance. Accurate predictions of TBM rate of penetration (ROP) based on the rock engineering properties will determine the efficiency of the project, determine the success of the project and reduce both the delay and failure costs. Typical statistical analyses on rock engineering properties for TBM penetration rate are presented in [1] . This reference showed that the main factors of rock engineering properties influencing the prediction of ROP are the compressive strength, the tensile strength of rocks, the frequency and the orientation of the rock joints.
Various regression methods for TBM performance prediction models are reviewed and discussed in [2] . This reference discussed the development of recent regression models to improve the prediction of ROP. The primary factors of rock engineering properties used for the ROP prediction are the uniaxial compressive strength (UCS), the rock brittleness index (BI), the rock types, and the TBM cutting speeds. This reference recommended that the use of combination models could assure a better level of confidence in estimation of TBM performance.
A new statistical regression model combined the semi theoretical model by Colorado School of Mines and the empirical model by Norwegian University of Science and Technology in Trondheim is introduced in [3] . The study analyzes the strong and weak points of the two approaches and introduces a more accurate model by modifying the two models. Analyses of the results show that there are strong relationships of UCS, BI, the distance between planes of weakness (DPW), and the alpha angle (Alpha) between the tunnel axis and the planes of weakness on the TBM performance.
Recent studies on prediction of TBM performance are related to advanced statistical methods. A new method for TBM penetration estimation used Monte-Carlo simulation is presented in [4] . In this study, the Monte-Carlo simulation is used to estimate the TBM performance based on the rock engineering properties of UCS, Brazilian Tensile strength (BTS), BI, spacing and orientation of discontinuities, and measured TBM ROP. The Monte-Carlo simulation indicates that the hardness and density of rocks provide the most and the least influence on the ROP, respectively.
A review of various artificial intelligence methods for prediction of TBM performance is presented in [5] . The paper briefly discusses modern methods on principal component analysis (PCA), artificial intelligence (AI) based methods including artificial neural networks (ANN), support vector regression (SVR), adaptive neuro fuzzy inference system (ANFIS) to obtain the better predictions for TBM performance. The study concludes that the SVR model is better than the ANN and ANFIS models and recommends the use of SVR model for estimation of TBM penetration rate. A new adaptive neuro fuzzy inference model based on fuzzy c-means clustering algorithm (ANFIS-FCM) is introduced in [6] . This model uses the robust artificial intelligence algorithms of ANFIS-FCM for estimation of TBM performance. Another fuzzy logic model to predict the TBM performance is presented in [7] . The paper is based on the experience, the existed database, and used fuzzy logic model to predict the specific energy requiring for the TBM performance.
As stated earlier that our paper will introduce fundamental statistical analyses on environmental factors that influence the TBM performance. Two linear and two nonlinear regression models are developed. And finally a new fuzzy logic model is established and compared to the four regression models. This study uses the empirical data in [8] with ROP, BTS, BI, DPW, Alpha angle, and the measured ROP at 153 separated samples inside the tunnel station. This completed data set is shown in appendix 1. Fuzzy logic algorithms and calculations are based on [9] and [10] . The stochastic models and distributions are referred to as in [11] and [12] . The contents of this paper are as follows: Section 2 introduces the database distribution analyses; Section 3 develops four statistical regression models; Section 4 presents the development of fuzzy logic model and the performances comparison; Section 5 is the conclusion.
Analyses of database distributions
All empirical data used to build regression models and fuzzy logic model are indicated appendix 1. From the distributions of database vs their normal curves in Figure 1 , it is assumed that the ROP is a dependent variable and can be estimated from the other five independent variables of UCS, BI, DPW, and Alpha. Before taking any regression process, a stepwise test is conducted for all five independent variables of UCS, BTS, DPW, and Alpha on ROC to see the significance of their p-values supporting the assumption that they are independent variables and influenced the ROC performance. Results of the stepwise test are shown in Table 1 . The stepwise analyses accept UCS (MPa), BI (kN/mm), DPW (m), and Alpha (degree) in the regression model for prediction of ROC, all of their p-values are well significantly below 5% (p-value <0.05). The stepwise test rejects BTS (MPa) as an independent variable influencing ROC with a very large p-value of 0.7636. Conclusion of this stepwise test is that only four engineering rock properties (UCS, BI, DPW, and Alpha) have affected the ROP in significant levels. BTS has to be removed from the regression since it has no effect on the ROP prediction. Table 2 shows the summary of main statistical values for all four (4) variables that will be used to build the regression models for ROP.
A graphic that show the relationship of ROP to all four rock engineering properties is shown in Figure 2 .
The rock engineering properties show that the UCS and the BI will be the most reliable parameters for predict- ing the ROP since their statistical correlation coefficients to ROP are higher than 0.6. The DPW and the alpha angle are also important parameters to estimate ROC with their correlation coefficients to ROP are higher than 0.5. Therefore, in the next section, four (4) rock engineering properties of UCS, BI, DPW, and Alpha will be used to build regression models for ROC.
Regression Models for ROC
In order to establish the exact relationship between the rock engineering properties (UCS, BI, DPW, Alpha) and the actual measured ROP, four different regression models are built using the latest Matlab 2017 version: Model 1: 
3 · DPW + β (2) 4 · log(Alpha), Model 3:
5 ,
Model 4:
where β
indicates the coefficient (k) in the model (i) calculated from the different regression models.
Linear regression model (LRM)
The linear regression model (Model 1) for ROC is run in Matlab and the results are shown in Table 3 From results in Table 3 In this model, the R-square is 0.621472 and the Standard Error is 0.223897. Next, another linear regression model will be built for the logarithmic values of Alpha. 
Linear regression model with log(Alpha)
In this model (Model 2), the values of Alpha (degree) are transformed in logarithmic form and the results of this model are shown in Table 4 . The linear regression equation with log(Alpha) for estimation of ROC is indicated in (2) This model has the R-square value of 0.645865 and really higher than the previous model. Next, a new nonlinear regression model will be built for the exponential values of Alpha.
Nonlinear regression model with exponential Alpha (NLRM1)
In this model (Model 3), Alpha (degree) will be transformed in nonlinear exponential form. Results of this model are shown in Table 5 . The graphic of measured ROC and estimation of ROC from (3) is shown in Figure 5 . This model has the R-square value of 0,664865, a little bit higher than the previous linear model. Next, another new nonlinear regression model will be developed for both exponential values of DPW and Alpha.
Nonlinear regression model with both exponential DPW & Alpha (NLRM2)
In this model (Model 4), both DPW and Alpha will be transformed in exponential forms. Results of this model are shown in Table 6 . The nonlinear regression equation with both exponential DPW and Alpha for estimation of ROC is presented in ( 
The graphic of measured ROC and estimation of ROC for this model is shown in Figure 6 . Similarly, this model has the R-square value of 0.667456, a little bit higher than the previous nonlinear model. All four regression models provide very good fitness coefficients. Model 4 achieves the highest R-square value of 0.667456 and becomes the best regression model to predict ROC. Next, a fuzzy logic model will be built to predict the ROP performance and compared to the four statistical regression models.
Fuzzy Logic Model and Comparison
Motivation of building up a fuzzy logic model is the ability of an intelligent model that can deal with imprecise and uncertain inputs. Then, the use of fuzzy logic can avoid the complex of deterministic formulas and mathematic modellings. There are huge of successful applications of fuzzy logic in industries. For instance, most of anti-lock braking systems (ABS) in automotive engineering are used fuzzy logic algorithms. Algorithms of fuzzy logic model in this paper are referred to in [9] with an application of fuzzy logic for controlling clutch engagement and vibration reduction, and in [10] with the use of two fuzzy logic methods of Mamdani and Sugeno for a nonlinear and complicated system. This fuzzy logic model is set up in Matlab version 2016 as shown in Figure 7 . The inputs for this fuzzy logic model are the 153 discrete samples of UCS (MPa), BI (kN/mm), DPW (m), and Alpha (degree) in appendix 1. The output of this fuzzy logic model is the ROP prediction. Table 7 shows the first 20 fuzzy logic rules among the total of 321 fuzzy logic rules designed for this model. The viewer of fuzzy logic rules for four (4) inputs and output is shown in Figure 9 .
The fuzzy logic surface is shown in Figure 10 .
Results of the fuzzy prediction of ROP are shown in Table 8. Graphic of fuzzy logic model prediction is shown in Figure 11 .
Performances comparison of four (4) stastitical regression models vs. the fuzzy logic model is shown in Table 9 .
From Table 9 , fuzzy logic model provides the best performance with R square value of 0.714 compared to the second runner-up of 0.667 in the nonlinear regression model with both exponential DPW & Alpha (NLRM2). 
Conclusions
The purpose of this study is to develop reliable models to predict the TBM penetration rate based on empirical measurement data. Four regression models are built including a linear model (model 1), a logarithmic model (model 2), an exponential model (model 3), and a two variables exponential model (model 4). The regression results prove that the exponential regression models provide better fitness to predict ROP.
Lately, a fuzzy logic model is also developed and compared to the above classical regression models. Then, the fuzzy logic model achieves the best fitness to predict ROP. It is suggested that the use of fuzzy logic as well as other artificial intelligences can be used as also very good alternatives to predict ROP. In this study, the fuzzy logic model has provided the best accurate output predictions dealing with the uncertain inputs. In the next stage of this study, some other artificial intelligence methods as well as the use of neural networks will be tried to discover better alternatives to predict ROP in the future.
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